It is well known that fuzzy clustering and level set are two important tools for image segmentation. The former focuses on analyzing the statistical characteristics of image features, while the latter aims to acquire the good geometrical continuity of segmentation boundaries. Obviously, two kinds of methods may be complement to each other. Inspired by this idea, a new level set model integrated with fuzzy c-means (FCM) clustering FCMLS has been presented in our previous studies. Compared with FCM and original level set methods, some remarkable characteristics and better performance have been demonstrated. In this paper, we mainly concern with the foreground extraction problem, wherein some extended works are also reported including detailed analysis on the convergence of FCMLS, multiregional FCMLS. Our research results indicate that FCMLS has good performance and is very worthful for foreground image extraction.
INTRODUCTION
The goal of image analysis is to make measurements on interest objects in an image. So, to extract interest objects (commonly refer to foregrounds) from the original image is an important task in image segmentation. It is well known that every pixel, basic component of an image, has two kinds of important information including color (and texture) and position. The former plays primary role in segmentation result by human vision and the latter constrains the smoothness of the segmentation boundaries. Although researches on image segmentation have led to a plethora of algorithms based on diverse strategies such as clustering and level set methods, how to combine the above two kinds
INTRODUCTION TO FCMLS 2.1. Two-Regional FCMLS
In human vision, the foreground and background could be extracted in the first step for most all image segmentations and the refined results could be achieved according to the hierarchical approach. So, the two-regional segmentation is a primary task in image segmentation. Besides, the foreground (or background) may be approximated with several prototypes in practical applications. Motivated by this standpoint, the extension of level set model is firstly proposed as follows.
( 1) where C − and C + are the prototype number of the foreground and background with natural number. S lx l = {1, 2, ...C − , C − + 1, ..., C − + C + } is 1 when I(x) can be approximated by prototype l (noted as v l generally), otherwise 0. Obviously, there has . In addition, d lx denotes the distance measure, e.g., the most commonly used Euclidean distance. In (1), S lx is unknown variable and can be viewed as the exact membership of I(x) belonging to prototype l. Intuitively, it may be extended to its fuzzy version. Substituting the S jx and S kx with u m jx and u m kx respectively, we can rewrite equation (1) as where u jx and u kx are the corresponding fuzzy memberships. To obtain the reasonable u jx and u kx , the constraint of objective of FCM (all objectives described in (Yu, 2005 ) also can be utilized) may be introduced into (2), i.e,.
In addition, we expect that the prototypes in the same region are as compact as possible while the prototypes in the different regions are as far as possible. That is to say, the memberships of the point of one region to prototypes of other regions should be as small as possible, from which another new constraint is introduced as follows:
In terms of model (1), the above objective should tend to 0 in ideal cases. Meanwhile, the above objective is an essential additional requirement when the model (1) is equivalently transformed to (2) . Summarizing (2), (3) and (4), the FCMLS model can be described using Lagrange multipliers as follows.
where λ r and λ c are Lagrangian coefficients, in general λ r = 1. Similar to Mumford-Shah model and using Lagrange multipliers, (5) can be rewritten as Now the necessary conditions (Euler-Lagrange equations) for the above function extremum problem can be deduced. At first, the necessary conditions on u jx and u kx with m > 1 can be written as follows. 
Similarly, the necessary conditions on v j and v k are. (8) Moreover, the Gateaux derivative of the functional E FCMLS defined in (6) on the level set function φ can be deduced, and it should be 0 when E FCMLS reaches its extremum. Thus the necessary condition on φ is. (9) Next, with the constraint , (7) can be simplified.
Please note (8) can also be directly simplified. Thus, the new necessary conditions on u jx , u kx , v j and v k can be rewritten as follows. 
(
where (10) is valid only if m > 1. Based on (9), the gradient descent method can be used to update the level set function φ. Moreover, in order to achieve the minimum of the objective functional E FCMLS , the update direction of φ should be the negative direction of the gradient. So, the update equation corresponding to φ is. (12) where ∆t > 0 is a time step.
In summary, the FCMLS algorithm can be described as follows.
FCMLS Algorithm 1.
Set the values of m, λ c , C − and C + , initialize the segmentation boundaries and level set φ, initialize v j , v k ∀ j , k in terms of segmentation result, and set t = 0; 2. Update u jx , u kx ∀j, k, x using (10); 3. Calculate φ(t + 1) using (12); 4. Update v j , v k ∀ j , k using (11); 5. If the stop conditions are satisfied, then terminate; otherwise set t = t + 1 and go to Step 2. Remarks: The above FCMLS algorithm is a standard procedure. Furthermore the fast version can be implemented using the "narrow band level set" (Adalsteinsson and Sethian 1995) and "fast marching" (Sethian, 1998) . 
Multiregional FCMLS
In this subsection, the multiregional FCMLS is briefly discussed. By extending the above FCMLS model, the multiregional FCMLS model can be represented as follows.
where K is the total number of segmented regions, C p , p = 1, 2, ..., K represent the number of regional prototypes, and define
The solution procedure of (13) It should be noted that, the multiregional FCMLS is mainly used to segment multiple regions, while the hierarchical FCMLS can perform the same effectiveness because one region can be approximated by multiple prototypes in FCMLS. From the results listed in Fig. 1 , it is clear that parameter m and λ c should fall in 1 < m < 2.5 and λ c ≥ 20. Moreover, when λ c < 10, the constraint of fuzzy clustering on the whole model will slack and can not impose its effectiveness. To sum up, λ c = 50 and m = 2 are reasonable settings for almost all applications in our experiments. Next, the convergence of FCMLS is investigated, where the same images as above are used and parameter settings λ c = 50, m = 2 are taken . Fig. 2a lists the relationship curves of the average region-based energy values of foreground and background to the iteration number obtained by FCMLS, which exactly reflects algorithm convergence. Here, the average region-based energy values of foreground (inside region) and background (outside region) are defined respectively as follows. From Fig. 2a , it can be found that the curves of the average region-based energy term do not monotonously decrease, but increase a little in initial phase then decrease rapidly until convergence.
EXPERIMENTAL ANALYSIS ON FCMLS
Furthermore, in order to investigate the influence of new constraint ( (10) in (Xie and Wang 2008) ) to algorithm convergence, Fig. 2b illustrates the relationship curves between the average ratios of first term to second term (in region-based energy terms of foreground and background) and the iteration number obtained by FCMLS. Two corresponding definitions are defined as follows. 
Comparing two sub-figures in Fig. 2 , we can conclude that, in initial phase of solving procedure, some image pixels may belong to the prototypes that are not from their own segmented regions with high fuzzy membership. Furthermore, for these pixels, the region-based energy values of new constraint are larger than those of the fuzzy clustering based energy values (the curve in figure 2 .b clearly illustrates these phenomena). So, in such phase, the second region-based energy term determines the leading direction of level set, i.e., pushes segmented boundaries towards the less objective value of fuzzy clustering, which fits to our expectation. After this phase, the curves of two types of region-based energy terms begin to decrease until convergence. Whereafter, the curve of the second region-based energy term has higher speed in the decreasing approach than that of the first regionbased energy term. At last, the value of the second region-based energy term is far less than that of the fuzzy clustering based region-based energy term, which accords with the requirement of the constraint introduced in our method.
In summary, FCMLS has good convergence stability, and new constraint introduced in FCMLS plays an important role to ensure new algorithm rapidly to converge to a reasonable solution within tens of iterative steps.
APPLICATION OF FOREGROUND EXTRACTION
In this section, we study the application of FCMLS to foreground extractions of natural images. In the following experiments, a group of natural mages are examined. In Fig. 3 , some foreground extraction results of natural images obtained by FCMLS with appropriate parameters are illustrated, and the corresponding prototype numbers are listed therein. Moreover, initial level set, final level set, foreground and background images are all exhibited for every image, and all images come from the Berkeley standard image segmentation database (Martin et al., 2001 ). In addition, HSV color space is used to represent pixel feature.
From Fig. 3 , it is clear that the foreground extraction results are highly similar to the results obtained by human vision, which clearly demonstrates the good performance of FCMLS. In Fig. 4 , the first column lists the final segmentation results represented by zero level sets obtained by FCMLS; the second and third columns display the corresponding foreground and background images; and the last column gives the segmentation results obtained by FCM algorithm. In this experiment, prototype numbers are set as C − = 1, and C + = 2 for all images and cluster number equals to 3 for FCM. From Fig. 4 , it can be found that the results obtained by FCMLS are superior to the results obtained by FCM in all cases. Moreover, the following conclusion (Xie and Wang 2007; Xie and Wang 2008) can be clarified again: FCMLS owns two aspects of merits of both FCM and level set. In addition, the extracted fruit objects (foreground) using FCMLS are very close to the ideal objectives obtained by human vision. So, FCMLS is very worthful for practical applications of such fruit image extraction segmentation.
CONCLUSIONS
In this paper, some further studies on FCMLS are developed including the analysis on the convergence of FCMLS, multiregional FCMLS and a new application in foreground image extraction. From these works here, it can be found that FCMLS owns good stable convergence and can rapidly reach its
